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Assessing Confounder 
Balance in Outcome 
Regressions
Table. Confounder Balance for Two Binary Confounders and Their Interaction 
Using Inverse Probability Weighting and Outcome Regression
 No Weight IPW Outcome Regression
Total X = 0 X = 1 X = 0 X = 1 X = 0 X = 1
Z = 0 49.1 47.2 54.7 49.1 49.1 52.7 52.7
Z = 1 50.9 52.8 45.3 50.9 50.9 47.3 47.3
Q = 0 86.7 85.3 90.4 86.7 86.7 89.4 89.4
Q = 1 13.3 14.7 9.6 13.3 13.3 10.6 10.6
Z = 0, Q = 0 43.2 40.8 49.9 43.2 43.2 47.6 47.6
Z = 0, Q = 1 6.0 6.4 4.8 6.0 6.0 5.2 5.2
Z = 1, Q = 0 43.5 44.5 40.5 43.5 43.5 41.8 41.8
Z = 1, Q = 1 7.4 8.3 4.8 7.4 7.4 5.4 5.4
IPW indicates inverse probability weighting.
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Sensitivity analysis for unmeasured confound-
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Intern Med. 2017;167:285–286.
Copyright © 2018 Wolters Kluwer Health, Inc. All 
rights reserved.
ISSN: 1044-3983/18/2905-0e47
DOI: 10.1097/EDE.0000000000000871
The example data set comes from Hernán and Rob-
ins’ causal inference book1 and is obtainable 
from the book’s website (https://www.hsph.
harvard.edu/miguel-hernan/causal-inference-
book/). Stata (StataCorp, College Station) and 
R (R foundation, Vienna) code are provided (as 
supplemental materials) to replicate the results 
described.
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  Supplemental digital content is avail-
able through direct URL citations in the 
HTML and PDF versions of this article 
(www.epidem.com).
F.P. had the original idea inspired by reading, 
Abadie A, Diamond A, Hainmueller J. (2015). 
Comparative Politics and the Synthetic Control 
Method. American Journal of Political Sci-
ence, 59, 495–510. F.P. and A.H.L. developed 
the idea. A.H.L. derived the matrix algebra/
proofs. F.P. wrote the first draft which was 
extensively edited by A.H.L. F.P. wrote the 
Stata (StataCorp, College Station) and R code 
(R foundation, Vienna). F.P. revised the original 
paper to a research letter with edits by A.H.L. 
F.P. and A.H.L. have approved the manuscript.
To the Editor:
Estimating causal effects is a key aim for observational epidemiology. Given 
a binary exposure, the effect of interest 
might be the difference in the average 
outcome if the whole of a population was 
treated compared with when it was not: the 
population average effect. Alternatively, 
we might want the average effect for the 
treated, which is the difference in average 
outcome between treated or not for those 
actually treated. Average causal effects 
with these different target populations, 
although involving counterfactuals, can be 
estimated from observed data on the out-
comes of groups treated and not treated, 
given a number of assumption includ-
ing exchangeability (no confounding).1,2 
A full discussion of these assumptions is 
available.1 Assessing confounder balance 
after confounder control checks the effect’s 
target population and no confounding on 
observed confounders. A guide to best 
practice in assessing balance is available.3 
Modern causal methods, including inverse 
probability weighting (IPW) and related 
weighting schemes,1,2,4 make it simple 
to specify and check the target popula-
tion. Given effect heterogeneity, the aver-
age effect will vary with different target 
populations.1 However, despite the avail-
ability of these causal methods, so-called 
outcome regression remains common 
for causal inference. An outcome regres-
sion is a model of the exposure’s effect 
on the outcome controlling for observed 
confounders.1 The effect is taken as the 
regression coefficient for the exposure. 
Thus, given that there is no interaction 
term between the confounders and expo-
sure, the assumption is effect homogene-
ity. Specifying the target population is not 
usual when an outcome regression is used, 
perhaps the assumption is that it represents 
the dataset’s population or the wider popu-
lation of which the dataset is a (representa-
tive) sample. Implicitly, this could then be 
the population average effect. We illustrate 
a method for assessing where an outcome 
regression balances binary confounders 
when the effect of interest is the population 
average effect for a binary exposure on a 
continuous outcome.
In the eAppendix; http://links.
lww.com/EDE/B366, we describe our 
method. Recent work shows observa-
tions receive different weights when 
deriving a regression coefficient.5–8 Our 
method uses weights from a matrix rep-
resentation of a regression. For a binary 
exposure, the control group’s weights 
will sum to −1 and the treatment group’s 
weights to 1. When applied to the out-
come, the two sets of weights compare 
counterfactual means, everyone exposed 
to the treatment and everyone not. Their 
sum is the difference, the average causal 
effect. In the Table, the column “no 
weight” shows the observed distribution 
of two confounders, Z and Q, and their 
interaction (which is modeled) both in 
the total sample and over the exposure, 
X. However, the outcome regression 
does not balance at the population mean. 
Thus, the outcome regression is not esti-
mating the population average effect but 
an average effect for a different popula-
tion. The IPW does balance at the popu-
lation mean, confirming that this is a 
suitable approach for estimating the pop-
ulation average effect. In contrast to the 
outcome regression, the IPW allows for 
the interaction between the exposure and 
confounders when calculating the aver-
age effect. We believe that our approach 
can be generalized to all exposure and 
confounder types, as well as other types 
of outcome covered by generalized lin-
ear modeling (e.g., logistic regression). 
This is because a different approach to 
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assessing balance in an outcome regres-
sion that follows the same logic as ours 
has been generalized.8 Confirming our 
approach can be generalized requires 
further work.
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